Fractal geometry has become a widely accepted descriptive tool for speci"c physical properties of natural soils and fractal scaling has recently been proposed as a model for soil particle size distribution. In this work, the cumulative mass distribution of dry soil aggregates, M(r(R), was estimated and shown to be proportional to R -", where r is the aggregate size, R is a speci"c measuring scale and D is the fractal dimension, which is a measure of soil fragmentation: the larger its value, the greater the fragmentation.
Introduction
Soil spatial variability within "elds has been widely demonstrated by soil testing results and crop yield di!erences. There are numerous causes of this variation in soil characteristics and potentials, including soil forming factors (parent material, topography, vegetation, climate and time), farming practice (tillage, crop rotations and fertilization) and erosion. Each cause of variation may operate independently or in combination with other factors and over a wide range of spatial and temporal scales. These factors are re#ected in variations in tillage draught energy, root penetration and transport of air, water and solutes.
The problems that face scientists involved in soil research are twofold. The "rst is to characterize soil structure with a single parameter that retains most information. Traditionally, the most direct approaches have been pore size distribution and aggregate size distribution. As regards the latter, in particular, several empirical indices have been proposed for describing the entire distribution with a single value. Van Bavel 1 used the mean weight diameter, Mazurak 2 suggested the geometric mean diameter (GMD) may be more appropriate. That was supported also by Gardner's 3 observation that many dry aggregate size distributions are lognormal. More recently, Castrignano`et al. 4 used geometric mean diameter (GMD) and geometric standard deviation (GSD) to characterize the in#uence of cropping treatments on aggregate fragmentation. Baldock and Kay
5
described the cumulative percentage of aggregates by a weight less than a characteristic linear dimension using a power function. Other authors applied the probability of aggregate failure to show how wet aggregate stability changed due to cropping history.
6
Fractal scaling has recently been proposed as a model for soil aggregate size distribution. 7 Fractal geometry was initially formulated by Mandelbrot 8 and expanded upon by Feder.
9 According to Mandelbrot, fractals are characterized by a power law relation between the number and size of objects, whose exponent D is called the &&fractal dimension''. Fractal geometry o!ers a powerful descriptive tool for soil scientists, because it provides a quantitative framework for integrating soil biological, chemical and physical phenomena over di!erent spatial and temporal scales. Moreover, Perfect and Kay 7 compared the performance of D as a statistical descriptor of fragmentation to that of the other indices. They showed that D was more sensitive to cropping treatments.
The second problem lies in describing the observed variations in soil structure. Researchers have traditionally attempted to remove spatial and temporal variability by blocking or statistical averaging procedures. The price to pay has often been a failure to understand processes acting in the soil.
In contrast geostatistics, developed by Matheron,
10
provides a body of statistical techniques aimed at detecting and modelling the patterns of spatial dependence of attributes in space, rather than evaluating linear spatial average values.
11
The object of this paper was to explore the applicability of fractal theory to study spatial variability in soil aggregation. The fractal dimension D together with another model parameter which estimates the size of the largest aggregate R * were used as statistical descriptors of fragmentation. Their values, estimated at di!erent locations of the "eld, were interpolated using the geostatistical technique of ordinary kriging 12 and then mapped.
Materials and methods

Fractal theory
Fractals are spatial and temporal model systems that exhibit scaling symmetry, i.e. they are constructed by repeatedly copying a pattern or &&generator'' on a starting object known as the &&initiator''.
8
Fractal theory can be applied for characterizing aggregate size distributions in soil. Turcotte 13 and Mandelbrot 8 suggested the fractal relationship for aggregate size distributions of the form N (r'R)"KR\" (1) where N (r'R) is the cumulative number of objects of size r larger than a speci"c measuring scale R as determined by the sieve diameter, K is a constant equal to N at R"1, relating to the shape of the objects and D is the fractal dimension. The value of D depends on both the shape of individual objects and the extent of fragmentation across all the spatial scales considered. In the case of regular objects, such as cubes, D is a measure only of fragmentation. Perfect and Kay 7 showed D to be independent of the Euclidean geometry used: when aggregates were represented by spheres instead of cubes, the estimated values of D remained unchanged. The larger the value of D, the greater is the fragmentation. At D"0, the size distribution is dominated by few in"nitely large objects. As D increases, the number of small objects increases at the expense of the larger ones.
7
In most soil analyses, Eqn (1) cannot be applied directly, since it is not practical to count the number of aggregates, whose size ranges between an upper and lower boundary de"ned by the sieve diameters. The number-size distribution can also be predicted from the mass-size distribution, if the shape and bulk density of aggregates in each size fraction is known. However, some errors may be introduced by assuming invariant scale values for the shape and bulk density.
14,15 Therefore, it was considered more appropriate to investigate the aggregate size distributions expressed in terms of mass, which is an easily measured quantity. In this case, strict self-similarity is preserved. 14 
Tyler and Wheatcraft
14 developed a mass-size based model for the estimation of fractal dimension:
where M is the cumulative mass of aggregates of size r less than R (e.g. sieve aperture), M 2 the total mass, R * a parameter which estimates the size of the largest aggregate and D the mass-fractal dimension.
The model of Eqn (2) sets an upper limit to the value of D at 3. In fact, for D'3 the cumulative mass exceeds the total mass with decreasing observation size, which is a physically impossible situation. At the limiting value of 3, the distribution is independent of scale. Equation (1) suggests that D may take any positive value, because for D less than zero, the cumulative number of aggregates greater than R decreases as R is decreased; and that is another non-physical situation. Moreover, at D"0 the distribution is independent of observation size. Therefore, the range of variability of D is strictly limited to
In the model of Eqn (2), aggregate density and shape are still assumed to be scale invariant.
14 In the past, D in Eqn (2) was obtained from the slope of the log}log plot by a least squares "t performed over the entire range of scales for which data were available.
13, 16 However, asymmetries originating during the early stages of fragmentation cause the distributions to deviate from linearity, as logP0. In this paper, therefore, the variation of the D and R * estimates obtained by non-linear regression was investigated. As proved elsewhere, 17+19 this approach can be employed as an unbiased estimator of the fractal dimension.
Geostatistical procedures
Semivariograms
12 were used to examine the spatial dependence between measurements at pairs of locations as a function of separation distance h, called lag. Semivariance (h) was computed using the expression
where n(h) is the number of samples separated by a distance h and z represents the value calculated from Eqn (2) for D or R * . A spherical model was "tted to the semivariance data of Eqn (4) using the non-linear least-squares method. The chosen model is given by:
where h is the separation distance between observations; and a is a model coe$cient known as the &&range'', which is a measure of the maximum distance over which the property z is spatially correlated. At separation distance greater than the range, the semivariance remains constant at a value known as the &&sill''. The model coe$cient C is known as the &&nugget'' and C is another coe$cient (structural coe$cient), which equals the sill minus the nugget. Ideally, the experimental variance should pass through the origin when the distance of sample separation is zero. However, many soil properties have nonzero semivariances as h tends to zero. This non-zero variance is called 20 the &&nugget variance'' or &&nugget e!ect'' (C ) and represents unexplained or &&random variance'', often caused by measurement errors or variability of the measured property at a spatial scale smaller than the one of sampling. The structural coe$cient C then represents the component of total variance originating from spatial patterns in the soil.
Ordinary punctual kriging 20 was used to interpolate the fractal parameters D and R * in the "eld area. Lag value was chosen equal to the minimum sampling distance of 2)5 m. Values for each parameter were estimated on a regular grid at spacing of 1)0;1)0 m using 10 neighbourhood points for punctual interpolation. Semivariograms were optimized by cross-validation.
21
Ordinary kriging is a method for making optimal, unbiased estimates of regionalized variables at unsampled locations using the structural properties of the semivariogram and the initial set of measured data.
20
A useful advantage of kriging compared with the other traditional linear interpolators is that an error term, expressing the estimation variance or uncertainty in estimation, is calculated for each interpolated value. Moreover, kriging has the property of exactitude i.e. it returns the datum value for the estimate if the location to be estimated coincides with a sampled location. 
Data set
One composite soil sample was collected from a depth of 2}40 cm using a hand auger. The soil is clay, classi"ed as Typic Epiaquerts according to USDA (Soil Survey Sta! 23 ) and located at Metaponto-Matera (Southern Italy, 40324 latitude N; 16348 longitude E; 16 m above sea level). The experimental 21;25 m "eld was sampled at the nodes of a grid at intervals of 2)5 m eastwards and 3 m northwards for a total of 81 samples. Owing to the small size of the agronomic plots, the grid could not be combined with a nested scheme, as proposed by McBratney et al. 24 and Webster et al.
25
Approximately 1000 g of the material oven dried at 403C was placed on a nest of sieves (sized 10, 5, 2, 1 and 0)5 mm) in a dry-sieving apparatus. The apparatus was operated for 2 min with a speed of 150 cycles min\ for a total of 96 vertical strokes. The weight of aggregates retained on each sieve was recorded after oven drying at 1053C for 24 h. The values were corrected by subtracting the percentage of sand in the aggregate fractions of size less than 2 mm; thus the resulting size distributions did not include detached primary particles. The mass-size distribution data were used to "t Eqn (2), i.e. for the estimation of R * and D, using non-linear least-squares methods. 26 
Results and discussion
The results from the dry-sieving procedures (Fig. 1 ) show that more than 50% of the aggregates had sizes greater than 10 mm. The remaining 50% was distributed Fig. 1 . Proportion of aggregate size distribution FRACTAL GEOMETRY OF SOIL AGGREGATION among the ranges 1}2, 2}5 mm (&12%), 5}10 mm (&20%). The "ner particles ((0)5 and 0)5}1 mm) were not very frequent (&2%).
At "rst, calculated data for fractal parameters R * and D were analysed using classical statistical techniques 27 to obtain values for the mean, standard deviation, minimum, maximum, coe$cient of variation and correlation coe$cient. Descriptive statistics of the two parameters (Table 1) showed that the coe$cients of variation range from 5)2% for D to 34)2% for R * , indicating a low variation for the degree of fragmentation D and a medium variation for the presence of coarser material in the "eld R * , according to the classi"cation by Warrick and Nielsen. 28 The foregoing results then depict a soil, homogenous enough in "ner particles but quite changeable in coarser materials.
The correlation coe$cient between R * and D was quite low (!0)12), though signi"cant at a 1% level of probability. The above result suggests that R * and D supply di!erent information types: R * may be linked mainly to the presence in the "eld of coarser materials; whereas D may be considered a fragmentation indicator, a!ected by both soil texture and past management. Moreover, the negative correlation between the two parameters indicates that the probability of occurrence of coarse material was higher where the degree of fragmentation was lower.
Geostatistical methods are more suitable for analysis of properties that show spatially correlated behaviour. Direct semivariograms were computed for each soil parameter and the optimized coe$cients for the best "tting spherical models were estimated ( Table 2) . The crossvariogram was not signi"cantly di!erent from 0, which con"rms the result of the classical analysis that the two parameters are not signi"cantly spatially correlated. As regards D, the range of in#uence was 7)2 m, so at distances shorter than the range, variability is non-random and pairwise sample variation depends upon the distance of separation. Moreover, D has the structural component (sill}nugget) which is signi"cantly larger than nugget, which indicates that spatial variability is not completely random. Figure 2 shows the experimental variogram of D and the spherical model "tted to data. As regards R * , the range was smaller than that for D and of 5)5 m, indicating variability of the short-range type. In fact, R * exhibited essentially random variability, the structural component of the variance being less than nugget variance. That can be inferred also from the examination of its semivariogram (Fig. 3 ), which appears not very well structured with a very high nugget e!ect compared with the total sill.
The classical and geostatistical results presented suggest that spatial patterns in soil fragmentation may be detected in the study "eld. Two maps of spatial patterns in R * and D (Fig. 4 ) were produced by interpolating from calculated values of the two fractal parameters using the semivariogram models in Table 2 and the method of punctual kriging. The high variability in soil fragmentation is quite clear from the observation of the two maps, especially for R * . However, it is still possible to detect some spatial patterns: aggregates of the smallest sizes were present more often in the lower half of the "eld (low R * values) and a wide and fairly homogenous spatial pattern was located parallel to the principal diagonal of the "eld (medium D values). The highest degree of fragmentation was observed especially in the left lower corner of the "eld. As suggested by the small negative correlation between the two parameters, the most fragmented zones (high D) corresponded to the ones with coarse materials of the smallest sizes (low R * ). The foregoing result shows that, in spite of the very small value of the linear correlation coe$cient, there was a signi"cant spatial correlation between the two parameters. A probable explanation of this di!erence between the two approaches, traditional and geostatistical, might be that classical statistical methods do not account for sample locations and cannot detect and model the spatial patterns of the soil attributes. Spatial distributions of aggregates of di!erent sizes rarely are the consequence of chance, but rather they are the result of natural processes and management practices producing special patterns of spatial correlation in the soil.
However, owing to the small size of the study "eld, it was quite di$cult to disclose well-de"ned spatial patterns. Soil fragmentation was essentially characterized by variability at short range, mostly induced by farm management and cropping sequence. 
Conclusions
Spatial variability of soil aggregation of an agricultural "eld of 23;25 m was studied using two known methodologies combined together: fractal geometry and geostatistics. First, a new fractal mass-based model was applied to describe dry soil particle size distribution. The two model parameters, the fractal dimension D and the size of the largest aggregates R * , were assumed as a descriptive tool for soil aggregation. The values of D and R * , estimated at each sampling point, were then interpolated and mapped using geostatistics.
FRACTAL GEOMETRY OF SOIL AGGREGATION
The results of this study have shown that, in spite of the small "eld size, spatial patterns in soil aggregation were non-random. The "eld could be divided roughly into two halves, with the left half characterized by a higher degree of fragmentation and smaller aggregates. Considering the small size of the "eld, it was very likely that most of the soil variability resulted from past farming management (tillage, crop rotation, fertilization and irrigation).
The two methodologies used are not new and have already been widely applied as a descriptive tool of physical systems. However, the originality of the proposed approach consists of using fractal geometry combined with geostatistical procedures, which may have signi"-cant implications in soil speci"c management.
Fractal geometry, in fact, o!ers a quantitative tool for integrating soil information of di!erent types; interpolating the two fractal parameters D and R * by using geostatistics has resulted in delineating homogenous areas in the "eld, that could then receive the same agricultural operations.
Matching management with the soil-speci"c di!erences in the "eld can be an important means of reducing water and environmental contamination with agricultural chemicals: the proposed approach, combining fractal geometry and geostatistics, may help to face this future challenge.
